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Abstract:
As part of a larger sampling campaign with mold inspectors across the US, samples (dust and
direct mold) from 11 New York homes during pre- and post-remediation were analyzed by
sequencing the interspaced transcribed region of extracted DNA and bioinformatic methods.
Overarching findings from this study include: 1) pre/post- remediation fungal communities
exhibit subtle differences and 2) larger degrees of fungal community differences exist between
direct mold and settled dust. Mainly known as environmentally derived fungal species,
Cladosporium ramotenellum and Rhodosporidium diobovatum were the two main taxa to be
abundant among post-remediation samples. The thermophilic fungi, Thielavia terrestris, was
higher abundances in pre-remediation samples. Subsequent analysis identified more distinct
fungal communities between direct mold and settled dust (regardless of remediation status) and
found that several fungal species found in the settled dust were related to fungi commonly found
in the environment whereas direct mold was dominated by taxa like Aspergillus Subversicolor
and Thielavia terrestris. While there were no associations between homes observed, there was a
weak positive relationship when settled dust increased with distance to direct mold, indoor dust
tended to have more common fungal taxa with associated outdoor settled dust. Results from the
random forest classification model suggests two things that future iterations of similar work to
consider: optimization may be needed to accurately classify post-remediation home, or that it
certainly takes more than 6 months for indoor fungal communities to recover from these
perturbations. Among all the other limitations discussed in this paper, the largest would be the
fact that there is simply not enough work done in this field to confirm whether the fungal
community observed for homes post-remediation reflect that of a successful remediation.
Key words: Environmental health sciences, fungal ecology, built environment, ITS sequencing
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Introduction
Mold naturally occurs in the environment and through penetration of building barriers
and human shedding, fungal ecologies exist in indoor air and surfaces. Under conditions of high
humidity and moisture, certain kinds of visible mold have been found to thrive indoors. Recent
estimates have shown around 48% of homes in the US have some form of dampness or mold
(Berkeley Lab, 2020). Common sources of water damage to homes and buildings can range from
leaks (roofs, windows, pipes, vents) to precipitation and flooding events. In addition to the
severity of water damage, the type of building material impacted is another factor that
contributes to the degree and type of mold growth observed. Building materials prone to
facilitating mold growth include paper products (cardboard, ceiling tiles), wood, paints,
insulation, drywall, carpets, fabric, and upholstery (Angell & Olson, 1988; Viitanen et al., 2010;
Viitanen & Ojanen, 2007; Williams, 2002).
Broadly speaking, numerous studies have identified health impacts in association with the
presence of visible mold and/or water damage (K C Dannemiller et al., 2014; Edgar, 2013; Fisk
et al., 2019; Lévesque et al., 2018). Additionally, several have shown that the presence of certain
mold characteristics (i.e. visible growth of mold, odor, and dampness) in buildings to be
associated with subsequent adverse health outcomes among occupants (BD et al., 2003; K C
Dannemiller et al., 2014; Koskinen et al., 1999; J. Wang et al., 2019). These associated health
outcomes range from complications with the respiratory system (i.e. asthma, allergic diseases) to
neurological symptoms. Implications for disproportionate impacts on poor communities have
also been documented, where chances of mold development increase in homes that are
overcrowded, lack appropriate ventilation, heating, and ventilation. In recent years, climate
models have projected high chances for increased events of extreme floods and droughts across
the globe. With projected increases in extreme weather events attributed to our changing climate,
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the risk for homes developing cases of mold and subsequent respiratory health complications
drastically increase. These relationships between weather events and health implications have
been explored in recent studies. Positive associations between bronchial asthma and
thunderstorms have been observed (D’amato et al., 2005; De Sario et al., 2013). Another study
observed elevated levels of indoor mold exposures and respiratory symptoms lasting several
months in areas impacted by hurricane Katrina and Rita (Rath et al., 2011).
In light of the many dimensions of public health concern surrounding mold, delivering
effective mold remediation and clearance measures for determining moldy/non-moldy homes
remain an essential aspect to addressing this issue. Current standards for determining the mold
status of a room/building are described under the IICRC (Institute of Inspection Cleaning and
Restoration Certification) S520. This is a comprehensive document that covers relevant topics
and procedures for companies and workers in the mold remediation industry. Under these
standardized procedures, certified professionals are required to use the following methods to
determine the initial mold status of a home they are inspecting: gather building history, conduct a
walk through looking for the presence of moisture (water intrusion, condensation, strains,
structural damage, HVAC), environmental measurements (temperature, humidity, and moisture),
and noticeable odors and mold growth. Regardless of quantity of visible mold and water damage,
the inspector is then required to not only locate but also predict the approximate extent of
associated contamination. In addition to individual by individual variation in mold assessment
(i.e. ability to detect odors), this procedure also requires individuals to make unreliable
assumptions regarding non-visible mold contamination. Similar mold status characterization
methods in addition to comparing air quality between indoor and outdoor are deployed for postremediation (clearance) verification protocols. The overarching goal for clearance testing is to
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verify whether the mold remediation was successful and safe enough for people to occupy the
space.
As previously described, there remains a large degree of human error and uncertainty
regarding current standards for an inspector’s classification of mold statuses. To address this
degree of uncertainty, culture-dependent methods have also been deployed within the past
decade. Culture-dependent methods have been coupled with measures from inspectors for the
purpose of clearance testing in order to identify and quantify fungal species indicative of indoor
mold. However, culture-dependent methods to test for clearance are limited to a subset of fungal
taxonomic diversity by which to assess mold remediation. Based on the Environmental Relative
Moldiness Index (ERMI) that was developed by the EPA, roughly 36 fungal species can be
confidently cultured for this clearance process. Utilizing culture-dependent and independent
methods, a recent estimate on the diversity of known fungal species have reached between 11.713.2 million (Wu et al., 2019). Wu et al.’s report on fungal diversity reveals that current mold
clearance tests are highly limited in the range and diversity of fungi being assessed.
The culture-independent methods that Wu et al. and this study utilize are a more robust
way to identify a wider degree of fungal diversity in a high-throughput manner (able to analyze
hundreds of samples at once). Generally, culture-independent methods include the utilization of
DNA sequencing (next-generation sequencing - NGS) and bioinformatic analysis of whole
genomes, to smaller regions of genetic material used for the identification of bacteria (16s
rRNA) and fungal (ITS) diversity alike. In the interest of this field of work, several studies,
including this one sequenced and analyzed the ITS region of extracted DNA in order to study
fungal community dynamics from hundreds of samples. The ability to culture and identify fungal
species are limited when compared to NGS methods because one needs to not only create an
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ideal environment for a certain fungal species, but also risk a bias in culturing fungi that tend to
easily dominate a growth culture – leaving other fungal species not being able to grow under
certain settings. Culturing microbes is also a time-consuming effort because conditions for
growth must be met, in addition to accounting for the time required for isolation and cultivation
of an individual fungi from a sample. For instance, the incubation period for some fungal species
can take over a week (Dillon 1999; Macher 2001).
Although there have been several studies that have utilized NGS methods to understand
fungal ecology in our environment and built environment, there remains a large uncertainty
regarding the ability to designate what a “normal” fungal community structure in
homes/buildings consist of. A “normal” fungal community of homes/buildings conceptually
describes fungal communities that one would expect in any given home or building that is not
water-damaged or known to have mold. This includes understanding fungal ecology dynamics
that is attributable to factors like humans, climate, and type of building/rooms. Being able to
describe a “normal” or the standard fungal indoor community is an important aspect of fungal
ecology of the built environment because it is essential knowledge in order identify shifts among
fungal communities that may represent a case of mold or water damage, for example.
The purpose of this study is to determine fungal community structure dynamics among
homes pre- and post- mold remediation, in addition to optimizing a previously developed
machine learning model by Hegarty et al., (in review) that categorizes the fungal ecology of
homes as mold or non-moldy. As part of a larger sampling campaign with mold inspectors across
the US, samples (dust and direct mold) from homes pre and post remediation were analyzed
using high throughput DNA sequencing of the internal transcribed spacer (ITS) region and
bioinformatic approaches. These computational biology techniques were able to identify fungal

8

species from homes and quantify ecological level differences of fungal assemblages between
pre/post remediation statuses. Lastly, the machine learning model that was originally optimized
by Hegarty et al., (in review) used in this study with the intention of classify the mold status of
homes pre- and post-remediation. This aspect of the study is integral to the eventual use of this
technology for remediation clearance because it accounts for the pitfalls of current methods like
fungal community diversity under real homes of varying mold statuses and is able to make this
assessment in a high-throughput manner for many homes at once.

Methods
Home selection & sample collection:
The overall sampling campaign of this project includes homes from eleven cities across
the United States. Among the eleven cities, all of which represent different climatic regions, only
samples from New York City, NY (11 homes) were used in this study. Samples from homes
were collected by certified building inspectors and remediators. “Moldy” homes were selected
based on inspector-confirmed water damage and visibility of mold. Additional information on
homes that were also documented was: age of home, GPS coordinates, area of home (floor area,
m^2), type of room sampled, building material, odor, moisture condition of home (wet, damp,
dry), area of direct mold and water damage (moldy homes, m^2), distance/floors between sample
collected and closest direct mold.
Fungal samples from surfaces were collected using cotton swabs that were moistened
with a filter sterilized 0.15 M NaCL 0.1% Tween solution. Direct mold and settled dust samples
from the top of door frames were collected. A total of nine swabs were used to collect samples
from mold homes. This included three indoor door frame samples, one outdoor door frame, and
up to five direct mold samples. Up to three swab samples were collected from indoor and
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outdoor door frames at homes categorized as non-moldy. Further samples were collected from
homes with mold after remediation at time points of one and six months. Up to four swab
samples from post remediation time points were collected. Three indoor and one outdoor swab
samples were collected for each home post remediation. Settled dust from the top of door frames
were collected along a 5 cm long strip. Once swabs were used to collect mold and settled dust
samples, they were placed into 2 mL screw top tubes and sent to the Yale University
Environmental Biotechnology Lab for storage at -80 degrees Celsius.
Sample preparation and sequencing
DNA from cotton swabs were extracted using the DNAeasy PowerSoil Kit (Qiagen Inc.,
Germantown, MD). In addition to the standard protocol from Qiagen, additional bead beating
methods were used to improve cell lysis (Hegarty et al., in review). This included using 0.3g of
100 um and 0.1g of 0.1 um diameter beads for the cell lysis step. Extracted DNA was sent to the
University of Texas Genomic Sequencing and Analysis Facility for further library preparation,
sequencing, and de-multiplexing sequences of 250 base-pair paired end reads (UT GSAF,
Austin, TX, USA). The primers used for amplifying fungal internal transcribed spacer (ITS)
regions were as follows, ITS-1F (CTTGGTCATTTAGAGGAAGTAA) and ITS2
(GCTGCGTTCTTCATCGATGC).
Bioinformatics and statistical analysis
Preprocessing
Once sequences have been received from the University of Texas: Genomics Sequencing
and Analysis Facility (GSAF), sample reads underwent preprocessing. This process included
removing primers using Cutadapt (Martin, 2011) and quality filtering using the R package,
DADA2 (Callahan et al., 2016). In addition to quality filtering, DADA2 was used to generate
amplicon sequence variants (ASVs). This method has been shown to be more sensitive algorithm
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than operational taxonomic units (OTUs) because of the method’s ability to resolve differences
among sequences down to the nucleotide level. Because OTU methods utilize a shared similarity
threshold rather than using single nucleotide differences, OTU methods have been shown to be a
less robust clustering methodology (Callahan et al., 2017; Nearing et al., 2018). Standard
DADA2 sample pooling method was used and allowed for 3 mismatches during alignment. Once
ASVs were generated, taxonomy was assigned using BLAST v2.10.0 against the UNITE
database and FHiTINGS (Karen C Dannemiller et al., 2014). Samples with fewer than 1000
reads were discarded.
Fungal community diversity
Alpha diversity analysis was used to describe differences in ASV observed richness and
evenness (Shannon diversity) between sample types, remediation statuses, and proximity to
direct mold. ANOVA tests on R were additionally used to determine statistical significance of
the alpha diversity metrics. Finally, a Tukey’s test under R was used to provide resolution as to
which samples could be driving these richness differences.
Bray Curtis dissimilarity and non-metric multidimensional scaling (NMDS) were
generated. Bray Curtis dissimilarity matrices were generated using log base 10 normalized
abundances (pseudocount of 0.1). The R package, “phyloseq v1.26” was used to generate NMDS
for beta diversity analysis (McMurdie & Holmes, 2013). The analysis of Bray Curtis
dissimilarity matrices included the visualization of sample clustering by remediation status,
sample type, and by proximity to direct mold. ANOSIM statistical tests were additionally run on
the Bray Curtis dissimilarity matrices to determine explained variance by categories of interest.
Finally, a Wilcoxon rank sum test using R was used to statistically describe differences in ASV
composition between sample types (i.e. between indoor samples/outdoor samples).
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Heatmaps for the top 20 most abundant fungal taxa were generated using the R package
“pheatmap” (Version, 3.3.2) (Kolde, 2015). Counts of the top 20 most abundant fungal taxa were
log transformed (log10+1) and then visualized using “pheatmap” in R. Boxplots using the same
log transformed data were used to visualize taxa at the genus and species level that are
commonly associated with indoor mold (Benndorf et al., 2008; Haas et al., 2007). The two
genera of interest that were used included Aspergillus and Penicillium. Subsequent analysis of 4
species-level taxa were chosen from the two genera to be analyzed based on their overall
abundance among samples. The influence of factors like outdoors and proximity to direct mold
on the fungal community composition of indoor settled dust was measured through common
ASVs in a single home.
Random Forest Classification
A preexisting random forest classification model was used for this project (Hegarty et al.,
in review). The RF classification model includes default parameters and 20-fold cross-validation.
Each iteration of the classification model used 70% of the available data and the rest 30% was
retained for validation. Mold/no-mold classification on a sample-to-sample level is determined
by how many times out of the 20-fold iterations the classifier is able to predict the mold status of
that sample. For instance, a settled dust sample from a home during post-remediation was
classified as non-moldy because the classifier was able to make this determination 13/20
iterations. However, if the classifier was only able to make this determination 7/20 times, then
the sample would be assumed to represent a moldy sample in a higher degree than that of nonmoldy settled dust. On a larger scale like a home-to-home basis, the classification on the
majority of samples associated with that home will determine the final consensus of the home’s
mold status.
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Results
Overview of Samples
Samples analyzed in this study are a subset from an overall sampling campaign in collaboration
with certified mold inspectors across the United States. Regarding the samples in this study,
these were collected by mold inspectors from New York. Mold inspectors were required to
collect the following types of samples: direct mold and settled dust from homes prior to mold
remediation, settled dust from the same homes post remediation (1 and 6 months), and outdoor
settled dust from homes (pre and post- remediation).

Pre- and Post- Remediation Fungal Communities
In order to see whether pre- or post- remediation samples contained differences among
average species richness, the observed richness metric was used to describe alpha diversity. No
differences in alpha diversity between pre- and post- remediation statuses were observed (Figure
1A). Subsequent ANOVA and Tukey’s Test supported the alpha diversity results of no statistical
difference in observed species richness (p > 0.05). A Bray Curtis non-metric multidimensional
scaling (NMDS) plot and ANOSIM statistical analysis test were used to visualize beta diversity
of fungal communities between pre- and post- remediation sample types (Figure 1B).
Overarching results from beta diversity analysis of fungal communities between the two
remediation statuses displayed a subtle degree of distinct clustering. There is weak clustering
visible to the left of the figure of pre-remediation samples, and post-remediation samples
clustering to the right (ANOSIM, R: 0.109, p-value: 0.01).
A heatmap of the top 20 most abundant fungal taxa between the two remediation statuses
suggested that pre remediation samples contained most of the top 20 taxa at high relative
abundances (Figure 2A). Indoor and outdoor post-remediation settled dust were shown to contain
two fungal taxa, Cladosporium ramotenellum and Rhodosporidium diobovatum at significantly
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high abundances compared to others (p-value < 0.05). There is also a cluster of fungal taxa
towards the bottom of the heatmap (from Penicillium Mallochii to Thielavia terrestris) that were
found to be abundant among different pre-remediation samples. Additional analysis examining
the pre- and post-remediation settled dust composition for genera of interest (i.e. Aspergillus and
Penicillium) that are usually indicative of mold or water damage, were found to have no
differences between remediation status (Figure 3; p-value > 0.05). Subsequent analysis of species
level differences under these genera was shown to yield similar results. However, Penicillium
aurantiogriseum, ASV 302 was the only taxa to exhibit statistically significant elevated
abundance among post-remediation settled dust compared to pre-remediation counterparts
(Figure 4; p-value < 0.05). The 4 representative ASVs were chosen from each of the genera
(Aspergillus and Penicillium) based on their relative abundance (ASV 203, 211, 301, 302) for
this analysis. These findings ultimately support the suggestion that there are subtle differences
observed between pre- and post-remediation samples. The term “subtle differences” is used in
this context to describe the fact that there are no large-scale fungal community shifts being
observed.
Random Forest Classification Model
The random forest classification model used in this study was previously developed and
optimized by Hegarty et al., (in review) for the same purpose of classifying mold status of homes
based on direct mold and settled dust samples. The training set of that model consisted of 25
differentially abundant fungal taxa identified through DESeq2, where the 20-fold cross validated
model’s accuracy average was 81% across all samples between moldy homes and homes that
don’t have a history of mold and/or dampness (Hegarty et al., in review).
Using the same model and training set of 25 differentially abundant taxa described above
from Hegarty et al., (in review), the samples from this study were run through the same

14

classification model. With a 20-fold cross validated model, samples from a home that was
correctly classified in more than 50% of the RF model iterations dictated the consensus of mold
status from the model. Despite the high average accuracy rates originally reported for this model,
the 20-fold cross-validated model exhibited a seemingly skewed average accuracy of 90% and
11% for predicting the mold status of pre-remediation and post-remediation samples,
respectively (Figure 5AB, 6). Mean accuracy across all samples is 51%, this is largely due to the
model’s inability to accurately predict post-remediation samples. Pre-remediation samples from
all 11 of the homes were correctly classified where samples from all homes were correctly
classified in more than 50% of the model iterations. Additionally, the classification model was
able to classify 1 out of the 11 homes as non-moldy from the post-remediation settled dust
samples (Figure 5AB).
Direct Mold and Settled Dust Fungal Communities
Due to the subtle differences observed between samples from pre- and post- remediation,
differences between direct mold and settled dust samples were considered for further analysis.
Alpha diversity using observed richness metrics suggested that settled dust had higher species
diversity than direct mold (Figure 7A). Subsequent ANOVA statistical tests however, provided a
non-statically significant p-value of 0.279. Beta diversity analysis between sample type (settled
dust and direct mold) showed a stronger degree of distinct clustering, compared to pre/postremediation analysis (Figure 7B). Supplemental ANOSIM tests supported the stronger degree of
distinct clustering that was observed (ANOSIM, R: 0.319, p-value: 0.001). There is a clear
cluster towards the left of the figure for direct mold samples. Along the right side of the graph is
a slightly weaker cluster of settled dust samples where some samples are spread out towards the
direct mold cluster.
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The top 20 taxa between all settled dust and direct mold suggested that the two taxa
previously mentioned (Cladosporium ramotenellum and Rhodosporidium diobovatum), are
mainly found among settled dust samples rather than direct mold (Figure 2B; p-value < 0.05).
These observed trends reflect those previously discussed for figure 2A. Since post-remediation
consists of entirely indoor and outdoor settled dust, this is a reasonable observation.
Additionally, direct mold samples were shown to contain significantly elevated abundance of
Aspergillus subversicolor, Penicillium mallochii, Stachybotrys enhinata, compared to settled
dust samples overall. The bottom cluster of taxa like Preussia australis and Thielavia terrestris
were also found to have a higher abundance among direct mold and a few outdoor settled dust
samples (Figure 2B; p-value < 0.05).
To further describe the difference between direct mold and settled dust (indoor and
outdoor), a box plot representing the number of common ASVs that indoor settled dust and direct
mold shared with outdoor settled dust was generated (Figure 8). Settled indoor dust samples
contained a statistically higher amount of common fungal taxa with outdoor dust than direct
mold (ANOVA, p-value < 0.05). The average for indoor settled dust and direct mold is
respectively, 5 ASVs and 3 ASVs. Post-remediation settled dust exhibited a relatively low count
of common ASVs compared to outdoor settled dust samples. The average for indoor settled dust
was 3.5 ASVs.
Additional aspects like proximity to nearest direct mold was considered in this analysis.
Categories were created to bin settled dust that were collected from varying distances to direct
mold: close (2-10ft), medium (11-20ft), and far (21-76ft). Alpha diversity analysis suggested
statistically significant (ANOVA, p-value < 0.05) increases in observed richness for settled dust
as distance from direct mold increases (Figure 9). A linear regression model representing the
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amount of common ASVs between outdoor and indoor settled dust versus proximity to direct
mold samples was generated (Figure 10). The scatter plot shows a slightly positive trend where
indoor settled dust increases with common ASVs with outdoor samples as distance from direct
mold increases. Additionally, results from the linear regression model revealed that the effect of
outdoor settled dust increases slightly with every unit increase of distance from direct mold
(R2=0.07, p-value=0.148). These results ultimately suggest that settled dust fungal community
composition is generally different on a few levels including, alpha diversity richness, beta
diversity clustering, and common ASVs with outdoor settled dust (weak relationship).
Discussion
This unique study was able to describe fungal community structure of direct mold and
settled dust from 11 NY homes/apartments pre- and post- mold remediation. Additionally, this
study utilized a pre-existing random forest model to classify whether homes pre- and postremediation were to be able to be classified as moldy or non-moldy. Comparative analysis of
fungal communities undertaken for this study includes pre/post remediation events, sample type
(direct mold and settled dust), and distance from direct mold. To date – little work has been done
to understand fungal community dynamics before and after mold remediation events and attempt
to classify the mold status of homes using machine learning. Overarching findings from this
study contribute to scientific knowledge in this area in several ways which include: 1)
differences between pre/post remediation fungal communities are subtle which can be largely
due to confounding factors of influence like humans and 2) fungal communities between direct
mold and settled dust distinct regardless of remediation status are relatively distinct. While
further optimization of the model is still required to improved upon the model’s accuracy, there
still remains the possibility that 6 months post-remediation is not enough time for an indoor
fungal community to recover from perturbations (i.e. visible mold development, mold
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remediation efforts). The first two points are important contributions to this field of knowledge
because it highlights certain fungal community dynamics that have not been previously reported
upon for residences in NY. The final point is essential for future efforts to improve upon the
current pitfalls of mold remediation clearance because it highlights the need for further
optimization of the classification model. It also highlights the need for more research in
understanding post-remediation indoor fungal community dynamics.

Subtle Fungal Community Differences Between Pre- and Post- Remediation Samples
To date, few studies have examined the fungal community composition of a
building/home before and after mold remediation. Like the findings from this study, Pitkaranta et
al. was also unable to confidently characterize distinct differences in fungal community
composition between the remediation statuses. It is clear in both studies that the fungal
composition among settled dust samples can be modulated by several factors, and consequently
contribute to the difficulty in recognizing distinct communities. This can be due to a number or
factors like varying conditions by the room under a single roof (An & Yamamoto, 2016),
material-associated fungi (Pitkäranta et al., 2011), in addition to shedding from building
inhabitants. In An & Yamamoto’s study, they found that different rooms in the same home can
harbor distinct fungal communities because of varying conditions unique to a room. This
suggests that in order to fully characterize the fungal community in a home, it is essential to
sample from multiple rooms. In the case of this study, samples from pre-remediation were
collected from a point of visible mold and from varying distances from the direct mold
(depending on how large the home was). Although this has not been established, there is a
chance that indoor home conditions (i.e. humidity) throughout the pre/post-remediation periods
remained moderately consistent, resulting in relatively similar fungal communities between
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remediations statuses. Though unlikely (because settled dust and direct mold were collected),
material-associated fungi have also been reported to be a reason contributing to variability in
fungal community compositions. Direct mold in this study was collected from materials
including fiberglass, metals, and sheetrock. Direct mold collected from these materials were
found to show no difference in observed richness (p-value > 0.05). Although it was not directly
tested for in this study, others have found that shedding from human inhabitants and pets to track
in fungal spores that they have caught from outdoor sources (Adams et al., 2013; Paulino et al.,
2006; Sitarik et al., 2018). To that end, inhabitants, in addition to structural features of a home
like ventilation capacity (i.e. heating, air conditioning, windows) to the outdoors are likely
reasons as to why environmentally related fungi have been identified in homes from this study
(Shelton et al., 2002).
Despite observing unclear fungal community shifts between pre- and post- remediation,
whether it be species richness or beta diversity metrics, subtle differences among fungal taxa
were observed in this study. Fungal taxa under genera like Cladosporium and Rhodosporidium
were found to be more abundant among post-remediation settled dust samples. Throughout the
literature, it has been shown that these fungal genera have been found on most indoor surfaces
and dust from homes with mold. However, it is known that Cladosporium in particular, is
considered a “weedy” genus of sorts, and can commonly be found in most indoor and outdoor
environments (Adams et al., 2013; An & Yamamoto, 2016; Barberán et al., 2015; Pitkäranta et
al., 2011). There are high odds that the Cladosporium in the settled dust is a result of this taxa
being “weedy” by nature regardless of remediation status. In addition, it’s probable that the high
abundance of Rhodosporidium among post-remediation samples are attributed to outdoor sources
because it is also a well-known isolate from environmental sources like plants, soils, and aquatic
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habitats (Bab’eva & Kartintsev, 1974; Kvasnikov et al., 1975; Newell & Hunter, 1970; Sampaio,
1995). Interestingly, Exophiala lecanii was also shown to be abundant among post-remediation
settled dust as well. This thermotolerant, opportunistic species is largely known to be associated
with indoor water sources like sinks, water traps, and bathrooms (An & Yamamoto, 2016;
Heinrichs et al., 2013; Matos et al., 2002; X. Wang et al., 2018). The most abundant genera
among the post-remediation settled dust samples suggest that outdoor sources could be the
reason why we are observing some of these taxa. However, the fact that Exophiala lecanii has
been also identified among these samples suggest some degree of indoor water source
contamination by means of this black yeast must have developed during post-remediation
sampling.
On the other hand, genera like Rhodotorula, Phoma, Stachybotrys, and Thielavia have
shown to be more abundant among pre-remediation samples from this study. Similarly,
Yamamato et al., identified several of the same genera among indoor surfaces with visible mold
in South Korea, specifically Rhodotorula, Stachybotrys, and Phoma. Similar to Exophiala, the
genera, Phoma, tends to also be found in domestic water traps or among damp materials like
paint, wood, wallpaper, and plaster (Andersen et al., 2011; Heinrichs et al., 2013; Hutchison,
1999; Pitkäranta et al., 2011). Although there has been little documentation on Thielavia
terrestris within moldy homes, they are recognized to be a highly thermophilic species that
thrives at temperatures well above 20C (Breuil et al., 1986). Overall, the taxa largely found to be
among pre-remediation samples are indicative of a degree of water damage and subsequent mold
growth. Another interesting finding was that Aspergilus subversicolor was found to be not be
statistically more abundant among either remediation states. While this species is generally
known to be found in damp indoor environments and among decaying organic matter (i.e. food),
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it suggests that either mold remediation efforts were not able to effectively remove this common
species of mold or there is a case of non-visible mold that was not properly addressed in homes
(Klich, 2009; Samson, 2011). While analysis exploring differences in abundance for genera
known to be associated with indoor mold (Aspergillus and Penicillium) found no statistical
differences, subsequent analysis looking at species-level differences only found 1 Penicillium
species (Penicillium aurantiogriseum) to be more abundant in post-remediation samples (Figure
3, 4). Ironically, in addition to being related to water damage (Morey et al., 2003), this species
has also been found to be associated with spoilage and decay of fruits (Sanderson & Spotts,
1995; Shim et al., 2002). Though this has not been confirmed with residents or mold inspectors
who sampled from the homes, the observed Penicillium aurantiogriseum and Aspergilus
subversicolor in homes post-remediation could have been impacted by the presence of spoiled
fruit during this period. In the case where there is no fruit to be accounted for during these
sampling periods, the presence of these two fungal species could suggest a degree of water
damage in a home post-remediation that was not successfully remediated.
Finally, although there is limited work exhibiting this kind of relationship where
Penicillium aurantiogriseum thrives in abundance from pre- to post- mold remediation, there
could be a potential competitive relationship with a more robust fungal/bacterial species who’s
abundance could have been diminished due to the remediation, subsequently allowing the
Penicillium aurantiogriseum to thrive during post-remediation. In support of this premise, one
study by Marin et al., 1998 was able to quantify the effect of water activity and temperature on
how common maize fungi competed against one another. Interestingly, they were able to find
that Aspergillus, Fusarium, and Trichoderma species to easily thrive under most conditions
(water activity and temperature), while most Penicillium species exhibited the slowest growth
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rates (Marín et al., 1998). It has also been reported that Penicillium species like Penicillium
aurantiogriseum and P. viridicatum were able to grow under relatively low water activities
(16%) in stored corn (Munkvold et al., 2019). While these sources support the hypothesis of a
competitive or opportunistic relationship, this requires more research on fungal community
dynamics in order to either fully support or dismiss the idea.
With limited knowledge on what a baseline or what “normal” indoor fungal communities
consist of, it remains difficult to confidently gauge the impacts that water damage and mold
growth impose on these communities. To that end, this study observed a few taxa-level
differences between pre/post-remediation statuses. These differences were not dramatic enough
community-wide shifts to assuredly report that these homes have been successfully remediated.
Two impending uncertainties about indoor fungal communities come to attention when
interpreting these results. Firstly, although it has not been explicitly studied before, the 3-6
months of post-remediation samples could have been too short of a time to assess the mold status
of a home based on fungal community shifts from prior to the remediation. Extreme events like
the development of visible mold growth and subsequent remediation could be such a strong
perturbation to the preexisting indoor fungal community that it will never quite represent that of
a “normal” fungal community (for at least several years). In support of this possibility, two
studies have found that fungal communities and associated allergens continue to be impacted
well after flooding and mold remediation (when visible flood damage was removed) events, in
addition to conditions when relative humidity had returned to baseline levels (Adhikari et al.,
2010; Emerson et al., 2015). Adhikari et al. was able to assess for culturable fungi, total fungal
spores, and (1–3)-β-D-glucan levels in homes affected by Hurricane Katrina and Rita.
Subsequent samples in the same homes were collected 2 years following the incident. From their
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analysis, they were able to conclude elevated endotoxin levels compared to initial measurements
in the same home and elevated fungal spore concentrations compared to “normal” homes
included in their study. These lasting impacts to indoor fungal community reported by Adhikari
et al., could support the reasoning behind the subtle differences observed between pre/postremediation samples of this study.
Random Forest Classification Model Implications
To our knowledge, other than the recent study by Hegarty et al., (in review) there remains
little to no work reporting on the use of machine learning models to classify the mold status of
homes based on fungal community composition. This current study used the same model that
was originally developed and optimized by Hegarty et al. (in review) in order to classify
pre/post-remediation samples from homes in NY. Although Hegarty et al. (in review) reported
promising accuracy rates in classifying moldy homes from non-moldy homes, this model has
revealed its lack in ability to classify post-remediation homes as a non-moldy home. Despite the
model’s inability to “correctly” classify post-remediation samples, these results are sensible
because initial fungal community analysis was only able to discern subtle differences between
remediation statuses.
As previously discussed, there are a multitude of reasons that could be impacting the
model’s ability to differentiate between the pre/post-remediation samples from this study. This
largely includes the influence of human/pet/outdoor factors and fungal ecology dynamics that
appear to be inherently different than dynamics that have been reported between moldy homes
and non-moldy homes. Fundamental properties of the original random forest model could be
impacting its applicability to similar NGS datasets. Two main details on how the model was
developed could be hindering the model’s ability to classify samples from homes that were not
among the original study: this model was trained on 25 fungal taxa that was identified to be
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differentially abundant between moldy and non-moldy homes. Based on the findings from this
study, subtle taxonomic differences between pre/post samples are the main distinguishing factors
between remediation statuses. While it remains unclear whether these results truly represent an
indoor fungal community that is considered “mold-free” or not, some studies suggest that
microbial communities under intense events of water damage, never quite “recover” to a point
that reflects a home with no prior history of mold. To that end, it is advised that future iterations
of classification models for similar purposes should include more taxa to train the model that
represent homes pre- and post-remediation, in addition to homes that have never been impacted
by mold.
Differences between Direct Mold and Settled Dust Fungal Communities
Distinct shifts between fungal communities by sample type (direct mold and settled dust)
were observed in this study. Compared to pre/post-remediation samples, there was a higher
degree of community distinction by sample type based on several metrics including alpha
diversity, beta diversity, and taxonomic abundances. Not only did settled dust (regardless of
remediation status) and direct mold samples cluster relatively distinct from one another, settled
dust also contained a higher degree of observed species richness and shared more taxa between
outdoor settled dust compared to direct mold. Additionally, common ASVs between indoor dust
and outdoor dust elevated as distance increased from direct mold. Overall, these findings
between direct mold and settled dust contribute to the growing body of research in this area. The
fungal taxa found in settled dust showed multiple lines of evidence that these fungal
communities are largely representative of fungal taxa from environmental sources. As previously
discussed, this could be due from a series of reasons ranging from shedding from building
inhabitants to ventilation/windows of the home in relation to the outdoors. Considering these
fungal community differences between sample type in this study, it becomes clear why pre/post-
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remediation statuses appeared to be similar because both sets of samples largely consisted of
settled dust (pre-remediation included direct mold as well). With similar fungal taxa identified
among the indoor settled dust of this study and those among the literature, it suggests that there
could be inherent differences between fungal communities from direct mold and settled dust that
collectively contribute to the characterization of an entire indoor fungal community. This notion
recognizes the fact that fungal communities cannot be summarized with settled dust from a
single room, rather it includes dust from all sorts of places around the home, in addition to direct
mold and outdoor dust. In relation to this study, it recognizes the importance of collecting both
direct mold and settled dust to characterize pre-remediation fungal communities.
Considering the fungal community differences between direct mold and settled dust,
more work should be done in the future to confirm that similar community dynamics can be
reproduced. For instance, a few older studies have reported a more dramatic shifts (whether it be
in abundance or community composition) among settled dust samples between pre/post- mold
remediation (Adhikari et al., 2010; Pitkäranta et al., 2011). These community dynamics are
imperative to understand because this knowledge can subsequently be used to develop a more
wholistic machine learning classification model. As previously discussed, the current model is
limited in several ways including the fact it was trained on 25 differentially abundant taxa
between moldy homes and homes that have no history of mold. In a realistic situation, as
revealed by the current study and others, a post- mold remediation fungal community may not
represent that of a home with no history of mold. Additionally, the taxonomic differences
between pre/post- remediation could be subtle and ultimately require more than 25 taxa to train
the model to be able to be able to classify homes more accurately.
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Public Health Implications
With over 48% of homes in the US estimated to have issues with dampness or mold, in
addition to projected increases in intense weather events across the world, a high-throughput
method is required more than ever to characterize a building’s mold status. Current standardized
protocols under the IICRC S520 manual require mold inspectors to be able to make fair
estimates on the degree of mold impact there is on a building without being able to assess the
visible and non-visible aspects of mold growth. Regardless of the amount of training that is
required for mold inspectors, there remains the degree of variability by individuals in terms of
their mold assessments. In response to the clear need for a method that bypasses the inherent
flaws of current assessment standards, the work from this project contributes to the body of
research addressing this issue.
Principal findings in this study highlights the nuances of work that needs to be done in
order to develop an even more robust, high-throughput method to classify the mold status of
buildings and homes alike. Previous work on this topic has shown that fungal communities from
moldy homes and homes that have never been impacted by mold/water damage are unique in
several aspects (Hegarty et al., in review). While this current study has shown progress in being
able to identify moldy homes using molecular biology, bioinformatic techniques, machine
learning, there remains complications in understanding fungal community dynamics in postremediation homes. This is an integral aspect to optimize in future iterations of the classification
model because quality clearance of mold remediations are essential to inspectors that are
required to perform with accuracy. Once more work has been done in this field to improve our
understanding of indoor fungal community dynamics and optimization the current classification
model, there are numerous public health implications that this machine learning classification
tool presents. This can range from ensuring mold clearance for the repurposing of older buildings
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for public use to ensuring places like hospitals/homes are cleared, which can be crucial for
sensitive groups.
Conclusion
In summary, overarching findings from this study include: 1) pre/post- remediation
fungal communities exhibit subtle differences and 2) larger degrees of fungal community
differences exist between direct mold and settled dust. While more work could be beneficial in
further optimizing the model to recognize post-remediation samples from homes, there remains
the strong possibility that a 6-month sampling period could be too short of a time to assess
indoor post-remediation dynamics. This conclusion should still be considered because the initial
model predicted most post-remediation samples to be “moldy”. Conceptually thinking, mold
spores can get caught up everywhere in a home. Because mold remediation tends to clean one
area of the home with visible mold, the rest of the fungal spores in the home could have settled in
the carpets and furniture. It may even take years for these residual spores to clear out of a home.
As suggested by Adhikari et al., remediated homes that were impacted by hurricane Katrina and
Rita still exhibited elevated levels of fungal spores two years later.
One of the main limitations to this study remains to be the fact that there are no baseline
samples from homes before it developed visible mold or from homes that have no history of
mold. Due to the lack of representation of a baseline or “normal” fungal community in relation to
these homes in our study, subsequent interpretations of these results are reliant of older studies.
These studies vary in methodology from our study whether it be the use of culture-dependent
characterization of fungal taxa or by sample collection. In addition to all the recommendations
previously mentioned, it would be also be beneficial if future iterations of this work could seek
to 1) address whether post-remediation fungal communities differ from this established baseline
(or are truly distinct communities after such perturbations have already occurred) and 2) assess
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for any functional differences among the fungal communities of pre/post- remediation using
meta-transcriptomics.
Most current studies have used transcriptomics in relation to studying host interactions
(Schulze et al., 2015; Shu et al., 2016) or how fungi respond to a certain growth medium (Jacob
et al., 2004; MacDonald et al., 2011). Under the context of indoor mold, a recent study by
Hegarty et al., was able to use transcriptomics to characterize how damp building conditions that
tend to lead towards mold development impacts the functional capability of these fungi (Hegarty
et al., 2018). In that case, it was revealed that elevated water activities result in upregulated
pathways associated with adverse health effects in humans (i.e allergen-encoding genes).
Ultimately, under the context of understanding fungal community dynamics between pre/postremediation, it would be advantageous to not only understand who is there (ITS sequencing and
analysis) but also how these fungal communities are responding functionally to mold
remediation (transcriptomics). Although not directly suggested, the study by Hegarty et al. 2019,
shows that the application of this omic- tool could be the next layer of analysis that is needed to
account for pitfalls of current mold remediation clearance protocols. Are they still capable of
being pathogenic or producing allergens well after mold remediation? These are important
questions that can only be addressed with future iterations of this work in order to improve upon
today’s remediation clearance standards.
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Figure 1: (A) Box plot depicting alpha
diversity of observed richness between
samples from pre- and post-remediation
(ANOVA, p-value: 0.442). The blue
points represent settled indoor and
outdoor dust post remediation. Red
points represent direct mold, indoor and
outdoor settled dust prior to
remediation. Boxes represent the
interquartile (25th quartile, median, and
75th quartile) range of pre- and postremediation samples observed richness.
(B) NMDS plot of Bray Curtis
Dissimilarities between all pre- and
post-remediation samples. Points in red
represent pre-remediation samples,
whereas blue points represent postremediation samples (ANOSIM, R:
0.109, p-value 0.01)

B
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Figure 2: (A) Heatmap of the top 20 most relatively abundant fungal taxa between pre- and postremediation samples. Heatmap scale represents transformed abundance values (log10+1). Darker
red shades of color represent higher degrees of relative abundance. Darker blue shades represent
lower relative abundance of taxa by samples. (B) Heatmap of the top 20 most relatively abundant
fungal taxa between settled dust (indoor and outdoor) and direct mold samples. Heatmap scale
represents log10+1 transformation of abundance. Darker red shades of color represent higher
degrees of relative abundance. Darker blue shades represent lower relative abundance of taxa by
samples.
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Figure 3: Boxplot of log transformed abundance of the two genera Aspergillus and Penicillium
between pre- and post-remediation samples (excluding outdoor settled dust). Yellow squares
signify post-remediation settled dust, while red diamonds represent pre-remediation direct mold
in addition to settled dust. Boxes represent the interquartile (25th quartile, median, and 75th
quartile) range of pre- and post-remediation sample log transformed abundance (p-values for
both were >0.05)
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Figure 4: Boxplot of log transformed (log10+1) abundance for 4 ASVs between pre/postremediation. The 4 ASVs identified here were the top 2 between the Aspergillus and Penicillium
genus. Red diamonds signify direct mold and settled dust samples from pre-remediation. Yellow
squares signify settled dust samples from post-remediation. Boxes represent the interquartile
(25th quartile, median, and 75th quartile) range of pre- and post-remediation sample log
transformed abundance. From top to bottom, the p-values were: 0.703, 0.186, 0.782, 0.003,
respectively.
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A

B

Figure 5: RF Classifier prediction accuracy for homes: (A) pre-remediation samples, which
include direct mold and settled indoor/outdoor dust, (B) post-remediation samples, which include
indoor/outdoor settled dust samples. Predictions of remediation status by sample are indicated
yellow squares (mold) and blue diamonds (no mold). Consensus for the mold status of homes is
determined based on whether most samples pass a threshold of 10+ correct predictions, as
indicated along the x-axis. The y-axis of both plots represents individual homes included in the
study.
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Figure 6: Box plot representing the RF classification performance of 20-fold cross-validation of
samples from this study. This model was trained using Hegarty et al’s (in review) differentially
abundant fungal taxa among moldy/non-moldy homes. The red x represents mean percent
accuracy for the RF model.
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A

B

Figure 7: (A) Box plot depicting alpha diversity of observed richness between samples from
settled dust and direct mold (ANOVA, p-value: 0.279). The red points represent direct mold
samples. Yellow points represent all indoor and outdoor settled dust. Boxes represent the
interquartile (25th quartile, median, and 75th quartile) range of sample types observed richness.
(B) NMDS plot of Bray Curtis Dissimilarities between all indoor and outdoor settled dust and
direct mold samples. The red points represent direct mold samples. Yellow points represent all
indoor and outdoor settled dust. (ANOSIM, R: 0.109, p-value 0.01).
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Figure 8: Boxplot of common ASVs that indoor settled dust and direct mold have with outdoor
settled dust samples (ANOVA, p-value < 0.05). Red triangles represent direct mold. Yellow
circles represent indoor settled dust. Boxes represent the interquartile (25th quartile, median, and
75th quartile) range of sample types observed richness.
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Figure 9: Box plot depicting alpha diversity of observed richness between samples at varying
distances from direct mold (ANOVA, p-value: 0.442). Categories were created to bin settled dust
that were collected from varying distances: close (2-10ft), medium (11-20ft), and far (21-76ft).
Boxes represent the interquartile (25th quartile, median, and 75th quartile) range of pre- and
post-remediation samples observed richness. The term “dimo” refers to direct or visible mold.
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Figure 10: Scatter plot of the number of common ASVs between indoor and outdoor settled dust
(pre-remediation) versus proximity to the nearest direct mold sample. A linear regression model
of the number of common ASVs versus mold proximity was generated and visualized through a
line with shading for 95% CI. The linear regression equation is as shows, y = 0.0486*x + 4.15.
The influence of mold proximity regarding the total amount of common taxa between indoor and
outside settled dust was not statistically significant (adjusted R2 =0.07, p=0.148).

